Abstract-The incorporation of wind power generation to the power system leads to an increase in the variability of the system power flows. The assessment of this variability is necessary for the planning of the necessary system reinforcements. For the assessment of this variability, the uncertainty in the system inputs should be modeled, comprising of the time-dependent stochasticity of the system loads and the correlated wind resources. In this contribution, a unified Monte-Carlo simulation methodology is presented that addresses both issues. The application of the method for the analysis of the wind power integration in the New England test system is presented.
I. INTRODUCTION
T HE share of wind power in the power system energy mix is increasing in recent years. The large-scale wind power integration to the power system imposes radical system changes, namely the transition from the vertical to a horizontal power system structure [1] . The main characteristic of this horizontal power system structure is the connection of non-regulated power generation to different voltage levels of the system. This ubiquitous power generation leads to an increase in the variability of the system power flows, allowing reverse power flows from the distribution systems towards the transmission system, when the local generation exceeds the consumption. For system planning, it is necessary to evaluate the variability of the system power flows, in order to assess the risk of overloading the system lines and plan the necessary reinforcements [2] .
For this, the stochasticity in the system uncertain inputs (loads-wind generators) should be modeled. The modeling should comply to the following restrictions:
1) Time-conditioning: the system loads present a high timedependence. This is due to the dependence of the human activities on a cyclic-deterministic phenomenon (time of day, day of week, season). This time-dependence is removed by performing the analysis separately for timeperiods with similar statistical characteristics (TimeFrames Analysis [3] ). This procedure corresponds to conditioning the calculation in time. The load in each time-frame (TF) can be modeled by superimposing a random noise variable to the conditional mean. Thus, given the period of consumption, all system loads can be modeled as independent normal random variables around the expected mean value. Further, an aggregation procedure may be applied in order to obtain the distribution for the whole period of concern. 2) Non-normality: In the case of wind power generation, this time-conditioning cannot be applied. The wind speed in each generation site follows a Weibull distribution [4] . The wind power distribution is obtained by the propagation of this wind speed distribution through the wind speed/wind power characteristic of the energy converter (wind turbine generator). In Fig. 1 , the wind speed and wind power distributions for a typical wind turbine generator are presented. As may be seen, the non-linear wind speed/power characteristic of the wind turbine generator leads to non-standardized wind power distributions which present accumulation of probability masses in the zero and nominal wind power values [5] . 3) Correlated resources: the wind resources are geographically correlated. Hence, the wind power infeeds from different wind parks in the system are also correlated. This correlation is high for generation sites that are geographically close to each other and remains significant for remote areas. The dependence structure has a direct impact on the aggregate wind power distribution. The arbitrary assumption of independence produces a systematic tendency to disregard the effect of the dependence. This generally is an underestimation of the system variability and can lead to serious pitfalls, since positive dependence between the stochastic resources leads to to an increase in the variability of the system power flows [6] , [7] . In this contribution, a unified Monte-Carlo simulation (MCS) methodology is presented that addresses all these issues. The core point is the presentation of appropriate algorithms that can provide the sampling of the input distributions based on the restrictions of time-dependence for the system loads and nonnormality/dependence for the system wind power generation.
II. MODELING OF TIME-AND STOCHASTIC-DEPENDENCE
For the modeling of the system stochastic inputs, the modeling effort should be split in two separate tasks [8] :
• Marginals: model the one-dimensional marginal distributions.
• Stochastic dependence: model the stochastic dependence structure between the inputs. By definition, for a r.v. X with a invertible cdf F X (x) = P (X ≤ x), the r.v. F X (X) follows a uniform distribution on X (u) is applied. In this case, the samples x follow the distribution F X . The above mentioned procedure is presented in Fig. 2 .
This transformation may be further used for the modeling of correlated r.v. In particular, for the modeling of a n-vector of r.v. X 1 , X 2 , . . . , X n , the uniform r.v. U i , i = 1, . . . , n should 1 The proof of this statement is as follows:
be used. In order to generate samples correlated according to a given correlation matrix R, we should generate the uniforms U i , i = 1, . . . , n, correlated according to R and use these correlated uniforms to generate the r.v.'s X 1 , X 2 , . . . , X n . For this, the theory of the multivariate normal distribution is used (Joint Normal Transform methodology). The algorithm for the generation of correlated samples is the following [9] : 1) Dependence structure:
• Simulate an n-vector of independent standard nor-
• Calculate the matrix product y = T · z, where T is a lower triangular matrix such that R = T · T
T (Cholesky decomposition).
The n-vector y forms a sample drawn from a random vector Y that follows a standard multivariate normal distribution with product moment correlation matrix R: Y = T · Z.
• Transform the correlated standard normals Y to correlated uniforms U C = Φ(Y ).
2) Marginals:
• Transform the correlated uniforms U C into the given marginals
A. Wind power distributions
For the modeling of wind speed distribution, F X equals the Weibull cdf. After the generation of the wind speed distribution, the wind speed/power characteristic of the wind turbine generator is used for the generation of the wind turbine power output (Fig. 1) . In Fig. 3 , the scatter diagram for the wind speed distributions correlated with a correlation ρ = 0.7 is presented.
B. Load distributions (time-conditioning)
As mentioned, a normal distribution may be used for the modeling of time-conditioned r.v. in each TF. The distribution over periods longer than the respective TFs is obtained as a mixture of these normals. This mixture can be sampled using an independent uniform r.v. U T F as TF-indicator. In particular, based on the relative duration of each TF, each sample drawn from U T F is matched to a specific TF. According to the indicator, a sample is drawn from the normal distribution belonging to the specific TF. In table I the TF settings for a 4-TF segmentation are presented. According to the time ratio of this table, for U T F > 0.8, TF4 is chosen (high-load-TF), thus a sample is drawn from a normal r.v. with mean value equal to the high-load-TF mean μ T F 4 and standard deviation 0.03 · μ T F 4 , for 0.5 < U T F < 0.8, TF3 is chosen, thus a sample is drawn from a normal r.v. with mean value equal to the μ T F 3 = 0.85 × (high − load − T F mean) and standard deviation 0.1·μ T F 3 etc. In Fig. 4 , the resulting distribution for a 10000-sample MCS for a 4-TF segmentation is presented. As may be seen, the 4-TF segmentation offers a very good approximation to the system load distribution.
Since the TF analysis corresponds to time-conditioning, when a TF is chosen, all system loads are considered to be in the same TF. Therefore, the same as TF-indicator U T F is used for the choice of TF for all system loads; further, the loads in each TF are modeled independently. This imposes a high dependence between the load distributions. In Fig. 5 , the scatter diagram for a 10000-sample MCS for the modeling of two loads in the system is presented. As may be seen, the methodology captures the time-dependence between the system loads. Although in each TF the r.v. are independent, the resulting distributions are highly correlated. In particular, the rank correlation obtained at the output samples is 0.89.
III. STUDY CASE: WIND INTEGRATION IN BULK POWER SYSTEM

A. System Data
A study case is presented that involves the large-scale integration of wind power in a bulk power system. The IEEE 39-bus New England test system is used as system model. The system comprises 39 buses, 10 CG units and 46 transmission lines (100kV) [10] . The single-line diagram for the system is given in Fig. 6 and its basic characteristics are presented in Table II . The wind generation is geographically distributed throughout the system and connected in 15 system nodes as presented in Fig. 6 . Each wind park is presented under the notation W ·. For the steady-state system analysis, the CG unit 2 connected at bus 31 is the slack bus of the system. 
B. MCS data
In order to proceed to the MCS analysis of the system, the system uncertain inputs are sampled based on the theory presented in section II. Thus, all the system loads and wind power generators are sampled based on the given marginal distributions and dependence structure. For the specific study case, the system load is considered as independent from the wind activity at the system. A 4-TF segmentation is chosen for the modeling of the system loads, according to the analysis presented in section II-B. Accordingly, a normal distribution is used for the modeling of the time-conditioned load in each TF and the resulting distribution is obtained by an aggregation procedure as a mixture of these normals. The settings for the 4-TF modeling are presented in Table I . In Fig. 4 , the resulting distributions for a 10000-sample MCS for the loads in buses 4 and 20 are presented.
The wind resources are considered to be correlated throughout the system. The mutual correlation between the wind speed r.v. for the 15 wind parks is defined as 0.7. In Fig. 3 , the scatter diagram for the wind speed distributions between two sites in the system is presented.
For the system planning, two basic study cases are considered:
1)
No penetration: this case corresponds to the system operation with no wind power (vertically-operated power system). 2) 200MW capacity for each wind park: the nominal wind power capacity in the system is in this case 15 × 200MW = 3000MW , corresponding to a penetration level of 50%.
For these study cases, the variability in the power flows in the system is investigated. In particular, 10000 MCS samples are generated for the system inputs and for each sample, the steady-state analysis of the system is performed. The MCS input data are generated in Matlab. These data are written to a text file which is read by a Python 2 script. PSS/E is used as the load flow solver. The actual MCS is performed by a combination of PSS/E and Python.
The dispatch of the central generators in the system should be modeled for each system state, defined by the sampling of the system loads and wind power. In the specific study case, the CG units in the system are considered to be thermal units of the same type. For each sample, the power production of the CG units (except for the slack bus) is pro-rata. For each CG unit, the minimum power output is 10% of the unit capacity, due to restrictions with shutting down thermal units. The system dispatch is set to follow the system net load for each sample, which corresponds to perfect forecast. In this case, the system slack bus covers the system losses and also consumes the excess of wind power when the CG units are at their minimum production.
C. Results
In the figures 7 and 8, the box-plots for the power flow distributions in the system lines are presented 3 . We can see that the wind power integration leads to an increase to the variance of the power flow distributions for all the system lines. The maximal change is observed for the line 6−31, corresponding to the slack bus of the system. This is an expected result, since the slack bus balances the uncertainty in the system, by providing the net system load (positive/negative).
These plots actually reveal the transition from a vertical to a horizontally-operated power system. The wind power in the system leads to an increase in the variability of the system power flows; some of them become bi-directional (the power flow distributions extend to both the positive and negative axis).
IV. CONCLUSIONS
The integration of wind power generation in the power system leads to an increase in the variability of the power flows in the system lines. For the planning of the system with high penetration of such stochastic power generation, a stochastic methodology is necessary that can offer the modeling of the uncertainty in the system and comply with the timedependent stochasticity of the system loads and the stochastic dependence of the system wind power. The presented MonteCarlo simulation methodology offers a unified solution to this problem.
The methodology presented here offers the basis for planning of power systems with high penetration of wind power generation. Based on measurements on the wind speed regime in the areas of interest and an assessment of the correlation between the wind resources, one can assess the risk of overloading of the system lines for different penetration levels of wind power. The minimization of this risk forms the basis for the assessment of system planning decisions. 
